Business and consumer surveys are the main source of agents' expectations. In this study we use survey expectations about a wide range of economic variables to forecast real activity. We propose an empirical approach to derive mathematical functional forms that link survey expectations to economic growth. Combining symbolic regression with genetic programming we generate two survey-based indicators: a perceptions index, using agents' assessments about the present, and an expectations index with their expectations about the future. Our examination of the forecast accuracy of both indicators to track the evolution of economic activity in fourteen European countries indicates that the perceptions index always outperforms the expectations index, although the improvements of the perceptions index against the naïve forecasts used as a benchmark are only significant in Austria. When assessing the effect of the 2008 financial crisis on the forecasting performance we find an improvement in accuracy during the crisis, which may be in part caused by a decrease of disagreement among respondents during periods prior to turning points. In order to find the optimal combination of both indexes that best replicates the evolution of economic activity in each country we use a portfolio management procedure known as index tracking. By means of a generalized reduced gradient algorithm we derive the relative weights of both indexes. In most economies, the survey-based predictions generated with the composite indicator outperform the benchmark model for one-quarter ahead forecasts, although these improvements are only significant in Austria, Belgium and Portugal. JEL classification codes: C51, C55, C63, C83, C93
I. Introduction
Economic expectations are central in macroeconomic time series modelling. Tendency surveys provide detailed information about agents' expectations, but the qualitative nature of agents' responses has led to quantify survey results. Numerous methods to transform responses about the expected direction of change into a quantitative measure of agents' expectations have been proposed in the literature. See Lahiri and Zhao (2015) , Vermeulen (2014) and Nardo (2003) for an appraisal of the different quantification methods. The theoretical framework for quantifying survey expectations is based on the assumption that respondents report a variable to go up if the mean of their subjective probability distribution lies above a threshold level, also known as indifference interval (Theil, 1952) . Carlson and Parkin (1975) developed this probability approach by using a normal distribution. Mitchell (2002) and Balcombe (1996) found evidence that normal distributions provide expectations as accurate as other stable distributions.
Several refinements of the probabilistic approach have been proposed in order to reduce the measurement error introduced by restrictive assumptions (Breitung and Schmeling, 2013; Mitchell et al., 2007; Löffler, 1999; Berk, 1999; Smith and McAleer, 1995; Seitz, 1988; Batchelor and Orr, 1988; Pesaran, 1987; Batchelor, 1986) . By comparing the individual responses with firm-by-firm realizations, Müller (2010) developed a variant of the Carlson-Parkin method with asymmetric and time invariant thresholds. In a recent study, Lahiri and Zhao (2015) linked quantified expectations to quantitative realizations at the firm-level, and obtained a significant improvement in accuracy by allowing for cross-sectional heterogeneity and asymmetric and time-varying thresholds. This improvement was found to be especially relevant during periods of uncertainty with high levels of disagreement between respondents.
This result has led us to evaluate the degree to which survey data on both perceptions and expectations fit the real outcome after the 2008 financial crisis. The relationship between changes in expectations and economic variables has been widely investigated (Martinsen et al., 2014; Ghonghadze and Lux, 2012; Lui et al., 2011a,b; Schmeling and Schrimpf, 2011; Franses et al., 2011; Graff, 2010; Klein and Özmucur, 2010; Claveria et al., 2006 , Hansson et al., 2005 , but never before by means of symbolic regression (SR). SR can be regarded as an empirical modelling approach, which is particularly indicated to find the most fitting algebraic expression in large data sets, especially when the model structure is unknown or changes over time.
By combining a SR approach with genetic programming (GP), we are able to quantify survey-based expectations in order to generate estimates of economic growth. There are different strategies for finding a solution in SR. Koza (1992) developed GP to implement SR. In spite of its versatility, GP applications in economics are still few (AcostaGonzález et al., 2012; Álvarez-Díaz and Álvarez, 2005) .
In this study we use survey indicators from fourteen different European countries to generate two economic indicators: a perceptions index with agents' assessments about the present economic situation, and an expectations index with their expectations about the future. By linking survey data from the CESifo World Economic Survey (WES) to economic growth in two successive GP experiments we are able to derive an analytical expression for each index.
Then we evaluate the forecasting performance of the indexes since the beginning of the crisis. In a second step, we use a generalized reduced gradient algorithm to find the optimal combination of weights for each index that best replicates the evolution of real activity in each country. These weights allow us to design a composite indicator, which we use to forecast economic growth.
We aim to break new ground by presenting a new approach to derive data-driven economic indicators. The proposed methodology is based on evolutionary computation, which through Darwinian competition allows to generate a mathematical functional form that approximates a predefined target variable. The resulting algebraic expressions can be regarded as the fittest empirically-generated combinations of survey variables.
The structure of the paper is as follows. The next section reviews the existing literature on SR via GP. In Section III we present the methodological approach and describe the experiment. Empirical results are provided in Section IV.
Finally, conclusions are given in Section V.
II. Methodology
In this study we design two SR experiments that link survey expectations to real activity in order to derive two economic indicators. This data-driven regression approach assumes no model a priori. Using evolutionary algorithms (EAs) that imitate aspects of biological evolution, such as the principle of survival and reproduction of the fittest, an initial population of computer programs are bred through generations to find a set of analytical functions that best fit the data.
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As opposed to evolutionary programming (Fogel, 1966) , in which the structure of the program to be evolved remains fixed, GP simultaneously evolves the structure and the parameters of the models. Koza (1995) applied GP to assess the non-linear empirical relationship between price level, gross national product, money supply, and the velocity of money. GP is a soft computing search technique for problem-solving. GP's tree-structured programs are evolved by means of genetic operators for model approximation. Dabhi and Chaudhary (2015) have reviewed the main issues related to GP. The versatility of this empirical modelling approach has attracted researchers from different areas (Sarradj and Geyer, 2014; Ceperic et al., 2014; Barmpalexis et al., 2011; Can and Heavey, 2011; Vladislavleva et al., 2010; Yao and Lin, 2009; Wu et al., 2008; Cai et al., 2006) . See Chen and Kuo (2002) for a classification of the literature on the application of evolutionary computation to economics and finance.
Acosta-González and Fernández (2014) used a genetic algorithm (GA) to forecast the financial failure of firms. Vasilakis et al. (2013) presented a GP-based technique to predict returns in the trading of the euro/dollar exchange rate based on historical data. Wei (2013) used an adaptive expectation GA to optimize a fuzzy model to forecast stock price trends in Taiwan. Thinyane and Millin (2011) used GAs to optimize the signals generated by technical trading tools. Larkin and Ryan (2008) applied GP to predict stock prices using ordinal sentiment data.
Based upon its performance in eight stock markets and eight foreign exchange markets during three consecutive test periods, Chen et al. (2008) thoroughly analysed the application of GP to financial trading, shedding some light on how GP performance could be connected to the trending and cyclical properties of financial data. Álvarez-Díaz and Álvarez (2005) used GP to forecast exchange rates of the yen and the pound to the US dollar. Yu et al. (2004) implemented a GP approach to model international short-term capital flows. Lawrenz and Westerhoff (2003) modelled exchange rates with a GA. Kaboudan (2000) used GP to forecast stock prices. For a review of the applications of GAs for financial forecasting see Drake and Marks (2002) .
There have been few applications of GP in economics. Duda and Szydło (2011) applied an improved version of GP known as gene expression programming (GEP), proposed by Ferreria (2011), to develop a set of economic forecasting models. Chen et al. (2010) introduced GP in a vector error correction model for macroeconomic forecasting. By means of SR via Pareto GP, Kotanchek et al. (2010) provided some insight into Gross Domestic Product (GDP) forecasting. Kronberger et al. (2011) used SR to identify variable interactions between economic indicators in order to estimate the evolution of prices in the US. Kľúčik (2012) used SR via GP in the estimation of total exports and imports to Slovakia. Yang et al. (2015) used SR to predict oil production.
Among recent developments in evolutionary computation, Zelinka et al. (2005) introduced analytical programming (AP), and showed its ability to synthesize suitable solutions in SR. Wilson and Banzhaf (2009) compared a developmental co-evolutionary GP approach to standard linear GP for interday stock prices prediction. Maschek (2010) developed a self-adaptation mechanism and evaluated how it affected an economic application of GAs. Peng et al. (2014) proposed an improved GEP algorithm especially suitable for dealing with SR problems. Gandomi and Roke (2015) compared the forecasting performance of ANN models to that of GEP techniques. See Poli et al. (2010) for a review of the state of the art in GP.
III. Econometric design
GP allows finding patterns in large data sets. This feature is particularly suitable where little or no information is known about the system, as in the current study, where there is an arbitrary and unknown functional relationship between the set of survey variables. Therefore we use GP to formalize the interactions between a wide and heterogeneous range of survey-based agents' expectations that best fit the evolution of economic activity. More specifically, by means of SR we link twelve survey-based indicators from the CESifo's WES (Table 1) to year-onyear growth rates of quarterly GDP data from the OECD (https://data.oecd.org/gdp/quarterly-gdp.htm#indicator-chart). The sample period goes from the third quarter of 2000 to the first quarter of 2014.
The WES questions focus on the direction of change of a wide range of economic variables (see Kudymowa et al. 2013 , Hutson et al. 2014 , and Garnitz et al. 2015 for an appraisal of the WES). The individual replies are combined for each country without weighting, giving a grade of 9 to positive replies, a grade of 5 to indifferent replies and a grade of 1 to negative replies (CESifo World Economic Survey, 2016). As a result, grades within the range of 5 to 9 are indicative of a majority expecting an increasing trend in the variable, revealing a predominant positive perception.
The opposite holds true for grades within the range of 1 to 5. In Table 2 we present a descriptive analysis of the twelve survey variables used in the study for fourteen European countries: Austria, Belgium, Denmark, Finland, France, Germany, Greece, Ireland, Italy, the Netherlands (NL), Portugal, Spain, Sweden and the United Kingdom (UK). 
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We design two independent experiments. Both experiments consist on a SR modelling strategy to find the optimal combination of survey variables to estimate the evolution of economic growth. The first experiment evolves the combination of agents' perceptions about the present economic situation (variables 1 x to 6 x ) that more accurately approximates year-on-year growth rates of quarterly GDP for country i at time t . As a result, we derive a functional expression that will be referred to as the "perception index"   it y ,
1
. In a second experiment we search for the optimal combination of survey variables regarding agents' expectations about the future (variables 7 x to 12 x ) in order to track the evolution of real activity. The evolved symbolic expression will be referred to as the "expectations index"
. We run both experiments in the fourteen European countries simultaneously.
By means of SR we derive the combination of survey variables that best fits economic growth in each experiment.
We then assess the forecasting performance of both indicators to track the evolution of GDP, prior, during and after the 2008 financial crisis. In Table 3 we present a detailed description of the parameters of the experiment. To limit the complexity of the resulting expressions, the set of functions is restricted to the mean, the maximum, the minimum, the ratio, and the logarithm. Regarding the termination criterion, we set a maximum number of 150 generations. The determination of the maximum number of generations is done in a heuristic way, with the aim of guaranteeing that the system converges the predetermined minimum error. See Figure 1 for a graphical description of the experiment.
We use the Distributed Evolutionary Algorithms Package (DEAP) framework implemented in Python (Fortin et al. 2012; Gong et al. 2015) . 
IV. Results
In this section, we first present the output of the two SR experiments undertaken. Expression (1) is the evolved perceptions index, which represents the optimal combination of agents' perceptions about the present to track economic activity:
Expression (2) 
One of the main advantages of using survey data with forecasting purposes is that survey results are available before the GDP release (Klein and Özmucur, 2010) . The publication delay of quarterly GDP data and survey data varies widely across countries, but the major European economies publish their quarterly GDP data within about 100 days after the end of a quarter, and survey data within less than 20 days after. Survey results are also used for the design of economic indicators. The Ifo Institute uses WES results to construct the Economic Climate Index (ECI), which is an aggregate indicator obtained as the arithmetic mean of assessments of the general economic situation and the expectations for the economic situation in the next six months. In Figure 2 we graphically compare the evolution of the two SR-generated indicators to that of the ECI and the GDP. In Figure 3 we present the cross-correlations between both SR-generated indicators (the perceptions and the expectations indexes) and the evolution of GDP. We can observe that the perceptions index is coincident with GDP in most countries (Austria, Belgium, France, Germany, Greece, Italy, Portugal, Spain and the UK), but it lags one period in Denmark, Finland, Ireland, the Netherlands and Sweden. Regarding the expectations index, it leads one quarter in Germany and the Netherlands, and two quarters in Belgium; it coincides in Austria, Denmark, Finland and Sweden; and lags in Greece, Ireland, Italy, Portugal, Spain and the United Kingdom.
In Table 4 we present the results of several forecast accuracy measures to evaluate the forecasting performance of both SR-generated indicators. Apart from the mean absolute error (MAE) and the root mean square error (RMSE), we complement the forecast accuracy analysis by computing the mean absolute scaled error (MASE) proposed by Hyndman and Koehler (2006) . The MASE scales the errors by the mean absolute errors obtained with a random walk.
As survey data refer to expectations, and are available ahead of the publication of quantitative official data, we use two-step ahead naïve forecasts as a benchmark.
The MASE statistic presents several advantages over other forecast accuracy measures. First, it is independent of the scale of the data. Second, it does not suffer from some of the problems presented by other relative measures of forecast accuracy (Hyndman and Koehler, 2006 
To test whether the reduction in MAE is statistically significant between the best three models, we also compute the Diebold-Mariano (DM) statistic of predictive accuracy (Diebold and Mariano, 1995) . The null hypothesis of the test is that the difference between the two competing series is non-significant. A negative sign of the statistic implies that the second model has bigger forecasting errors.
As it could be expected, the perceptions index shows a better performance than the expectations index in all economies. Nevertheless, in both cases the magnitude of the obtained errors is not negligible. We also find remarkable differences across countries. Belgium is the country with the lowest MAE and RMSE values for both the leading and the coincident indicator. In the case of the perceptions index, France and the UK also obtain the lowest MAE and RMSE values together with Belgium. In the other extreme, Greece is the economy with the least accurate predictions, followed by Ireland, Denmark, and Finland.
When comparing the obtained results with those of the benchmark, we find that the perceptions index yields lower forecasting errors than the benchmark in all countries except Denmark, Greece and Spain, but this difference is only significant in Austria. The opposite is observed in the case of the expectations index, which shows higher forecasting errors in all countries with the exception of Germany. The reduction in MAE is significant in five countries (France, Greece, Ireland, Portugal, Spain and the UK).
These results provide mixed evidence on the usefulness of survey-based expectations for forecasting purposes. and Dua (1992 and Dua ( , 1998 have also obtained mixed results.
In order to evaluate the effect of the dispersion of economic growth on forecast results, we compare the different forecast accuracy measures to the standard deviation of the year-on-year growth rates of GDP for each country. In Figure 4 we present the scatterplots for the perceptions index, and in Figure 5 the scatterplots for the expectations index. We can observe a positive relation between the MAE and the standard deviation of GDP growth rates. This is not the case for the MASE, which is a relative measure of forecast accuracy. In the case of the perceptions index, we obtain the highest forecast errors for Finland, Denmark, Greece and Ireland. In the other extreme, Belgium is the economy with the lowest values. Germany is the only country with a MASE lower than one for the expectations index, while Spain the one with the highest MASE value. In Figure 5 we can observe that Greece and Ireland are the countries with the highest forecast errors and GDP dispersion. Table 5 we evaluate the forecasting performance of the SR-generated indicators to that of the benchmark, differentiating between the pre-crisis sub-period (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) , the crisis (2007-2010) , and the postcrisis sub-period. In Table 5 we can observe that a common feature between both indexes is the improvement in relative forecast accuracy during the crisis. This result is partly due to the fact that surveys are based on the report of subjective evaluations of participants prior to the publication of official economic data, which are able to incorporate information about the current state of the economy as well as forward-looking information (Altavilla et al., 2014) . The decline of forecast errors during the crisis is also related to the decrease of disagreement among experts responding to the survey during periods prior to turning points. Dovern (2015) found that variations of overall disagreement among professional forecasters are driven by economic uncertainty. Mokinski et al. (2015) provided a detailed review and assessment of the measurement of disagreement in qualitative survey data.
These findings are in line with the results obtained by Kauppi et al. (1996) , Klein and Özmucur (2010) , Dees et al. (2013) , Łyziak and Mackiewicz-Łyziak (2014) and Claveria et al. (2016) . Kauppi et al. (1996) found that the importance of business survey information increased during recession periods, obtaining a significant improvement in prediction during Finland's great depression. Dees et al. (2013) showed that the contribution of survey indicators in explaining consumption expenditures increased during periods presenting huge changes. Klein and Özmucur (2010) and Claveria et al. (2016) also found that the significance of survey results in forecasting increased at times of greater uncertainty. Łyziak and Mackiewicz-Łyziak (2014) quantified inflation expectations without imposing their unbiasedness and then evaluated the forecasting accuracy of quantified measures of expectations. All these authors found that survey data became more relevant after the beginning of the 2008 financial crisis.
Nevertheless, we find differences across countries regarding the different patterns over the three sub-periods. Spain and the UK are the only countries in which there is an improvement in the relative forecast accuracy of both indexes in the post-crisis period with respect to the pre-crisis period. In the rest of economies, the forecast accuracy of SRbased predictions with respect to the benchmark deteriorates after the crisis, especially for the perceptions index.
Austria and Ireland are the only countries where agents' perceptions are more accurate than the predictions obtained with the benchmark model for all three sub-periods. Conversely, Denmark is the only country in which the benchmark model is not outperformed regardless of the sub-period.
With the objective of combining the information of both indexes we use a procedure of constrained optimization to find the optimal weights of both indicators. This procedure is used for portfolio management to replicate the performance of a stock index, and is known as index tracking. See Kwiatkowski (1992) and Rudd (1980) for a discussion. For a detailed description of new techniques applied to index tracking see Karlow (2012) . The aim of index tracking is to minimise a tracking error, understood as the expected squared deviation of return from that of the index, in order to obtain the proportion of capital to be invested in each company. Based on this premise, we use a generalized reduced gradient algorithm to minimize the summation of squared forecast errors subject to two constraints: the weights must be equal or larger than zero (non-negativity restriction), and the sum of both weights equals one. This procedure allows us to obtain the relative weights of each index for each country (Table 6 ). While the obtained relative weight of the perceptions index is always higher than that of the expectations index, we observe numerous differences across countries. In Denmark, Greece and Ireland, the algorithm yields a null weight to the expectations index, while in countries such as Austria, Finland and Germany we obtain weights close or superior to a third. This result brings up the question of whether survey-based indicators shall equally weight the information regarding the expectations about the future and the perceptions about the present.
Finally, we compute a composite economic indicator by combining both the perceptions and the expectations indexes according to the weights in Table 6 . In Table 7 we present the MASE results obtained with the composite indicator. While in most countries there is an improvement with respect to the benchmark, this improvement is only significant in Austria, Belgium and Portugal. 
V. Concluding remarks
This paper proposes an empirical approach to generate indicators of economic growth from qualitative survey responses about the state of the economy in fourteen European countries by means of SR via GP. We use surveybased agents' assessments about the present economic situation from the WES to derive a perceptions index which consists of the optimal combination of variables that best tracks the evolution of the economic activity. We repeat the experiment using agents' expectations about the future economic situation to obtain an expectations index.
We analyze the forecasting performance of both indexes, and we find that the perceptions index yields more accurate estimates of the evolution of GDP than the expectations index, although these improvements are not significant. With the aim of analyzing the impact of the 2008 financial crisis on agents' expectations, we assess the capacity of SR-generated expectations to anticipate future economic growth, prior, during, and after the financial crisis. We find an improvement in relative forecast accuracy during the crisis and a subsequent deterioration in the forecasting performance of agents' expectations in all countries after the crisis.
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In order to combine the information from both indicators we use a constrained optimization procedure known as index tracking to find the optimal relative weights of both the perceptions and the expectations indexes. By doing so, we generate a composite indicator of economic activity that yields more accurate forecasts than the ones obtained separately with both indexes in all countries except Spain.
Due to the novelty of this approach, there are still several limitations to be addressed. As we use a data-driven method, the obtained indicator lacks any theoretical background. By extending the analysis to other questionnaires and countries, we could examine to what extent the obtained functional forms are sensitive to different survey data.
Another question to be considered in further research is whether the implementation of alternative evolutionary algorithms may improve the forecast accuracy of empirically-generated indicators.
